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Abstract: Photovoltaic modules should pass series of tests and examinations, verifying the electrical and
thermal characteristics of the module, before being released to the market, examining the properties of the
modules should undergo appropriate durability and efficiency tests under real outdoor conditions with
exposure to climatic conditions and under laboratory conditions. The performance of photovoltaic cells
depends on many factors, such as solar irradiance, module operating temperature, installation location,
weather conditions and module shading. In this paper, three selected photovoltaic modules were examined
using a large-scale steady-state solar simulator. The current-voltage (I-V) characteristics of the photovoltaic
modules were experimentally tested and analyzed. The next step was to implement a three-layer artificial
neural network model (MLP). The experimental data obtained in the previous step coupled with output data
from MLP were then used in global sensitivity analysis (GSA). Experiments carried out on a large-scale
stationary solar simulator showed differences between the values declared by the manufacturer and the values
obtained from measurements of PV modules. The first module tested achieved the maximum power point
greater than that specified by the manufacturer, while the other two showed power drops; it was 85-87% for
the second module, and 95-98% for the third, respectively. The performed global sensitivity analysis (GSA) for
the MLP model showed that the parameters: eff (22.9) and Voo/V (14.19) have the largest effect on the power-
voltage relationship, while U (7.29) has the smallest effect. The usefulness of machine learning (ML) methods
in the comparative analysis of PV modules has been proved.

Keywords: photovoltaics; current-voltage characteristics; solar energy; PV modules; machine learning; neural
networks; statistical modeling

1. Introduction and state of the art

Electricity plays a crucial role in driving global economic and technological progress. Its
ubiquitous use in daily life underscores its paramount importance. To address energy supply
shortages and environmental concerns, there is a growing imperative to explore renewable energy
sources as viable alternatives. This shift is driven by diminishing conventional energy resources and
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escalating environmental apprehensions, necessitating the exploration of alternative energy solutions

to meet increasing energy demands.

One type of renewable energy source is the photovoltaics (PV) [1]. Every PV system is simple in
its form and has been described as a system for generating electricity by absorbing photons from
solar radiation. PV systems consist of PV modules, inverters, batteries, cables and safety devices [2].
PV modules are made of various layers, starting with the layer of glass with an anti-reflective coating,
an encapsulation material, solar cell array, another encapsulation layer, and back sheet. These
systems are used to handle everything from very small loads of a few watts to large power plants
that can generate tens or more Megawatts of clean energy [3].

PV cell technologies are typically categorized into three generations based on the fundamental
material utilized and the level of commercial maturity [3]:

e First-generation PV systems, which are fully commercialized, employ wafer-based crystalline
silicon (c-Si) technology, comprising either single crystalline (sc-Si) or multicrystalline (mc-Si)
structures.

e Second-generation PV systems, in the early stages of market deployment, encompass thin-film
PV technologies, primarily including three main families: (1) amorphous (a-Si) and micromorph
silicon (a-Si/pc-5i); (2) cadmium telluride (CdTe); and (3) copper indium selenide (CIS) and
copper indium-gallium diselenide (CIGS).

e Third-generation PV systems comprise technologies such as concentrating PV (CPV) and organic
PV cells, which are still in the demonstration phase or have not yet attained widespread
commercialization, alongside novel concepts currently in development.

The former ones are the most widespread, well-established and reliable on the market.
Crystalline silicon modules are also divided into monocrystalline (MONO-SI) or poly-crystalline (P-
Si) [4]. Many researchers have described the manufacturing process and the factors that affect their
efficiency. The manufacturing process uses semiconductor materials and the classification of solar
cells depends on this. The aforementioned types have the same principle of converting sunlight into
electricity, and the main difference is the efficiency of the conversion process itself. Basically, solar
cells can have single or multiple layers or configurations that use different absorption capacities.
There are also different technological generations. The first generation is based on crystalline, mono
and poly-crystalline silicon, while the second and third generations are thin film and various thin
film technologies [5].

The first (G1) uses crystalline silicon (c-Si) structures. Silicon is widely used because it is an
abundant material on Earth and these systems show high efficiency [6]. Chapin et al. developed the
first silicon solar cell in 1954 with an efficiency of 6% [7,8], and today the value is 26.1% [9]. Second-
generation (G2) photovoltaic cells are based on thin-film technologies, such as CIGS solar cells. This
type of photovoltaic presents lower production costs, but its efficiency is not as high as G1 [7,10,11].
In 1976, the first CIGS solar cell was developed by Kazmersky et al. with an efficiency of 4.5% [12],
and in 2019, it was reported to have a maximum efficiency of 23.4% by replacing conventional CdS
buffer layers with Zn double buffer layers [13]. In 2019, crystalline silicon technologies showed the
cost of about EUR 0.25-EUR 0.27/W, while CIGS cost at EUR 0.48/W. Third-generation (G3)
photovoltaic cells include still emerging solar technologies such as nanowire (NWs) and quantum
dots (QDs) [9,14,15].

Hwang et al, [16] indicated that G3 showed efficiency around 18.9%. Solar modules have the
best life-cycle of 20-30 years [17], while the life-cycle of solar inverters is less than 15 years [18] and
batteries about 3-5 years [19]. Temperature is one of the parameters that can change the performance
of photovoltaic modules, as can irradiate [20]. The performance of solar systems is affected by
environmental conditions such as weather, climate and irradiance, while internal factors such as
conductivity, uniformity of interfaces and materials can be improved by configuring the optimal
characteristics of solar system [21]. Many factors can affect the performance and efficiency of
photovoltaic cells, including variations in solar radiation, surface temperature, the use of shunt
diodes to reduce shading losses, elimination of hotspots, orientation and tilt angle, and other
additional factors.
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Solar energy represents a crucial renewable solution to mitigate carbon emissions and promote
environmental sustainability amid the urgency to reduce reliance on fossil fuels. Nevertheless, there
are still some challenges needed to address this cutting-edge technology using artificial intelligence.
As the global transition towards renewable energy sources progresses, the significance of artificial
intelligence in augmenting solar energy generation rates has escalated. This technology plays a
pivotal role in minimizing the wastage of renewable energy and guaranteeing a more stable
electricity supply to the grid. Additionally, artificial intelligence is utilized to refine the design and
positioning of solar panels, further optimizing their efficiency and effectiveness in harnessing solar
energy.

Artificial intelligence has the capability to analyze various data points concerning solar panel
performance, including temperature, solar radiation, and humidity levels. This is achieved by
gathering data from sensors embedded within the solar panels and inputting it into machine learning
models for analysis. Consequently, artificial intelligence can detect factors influencing solar panel
performance, such as pollution, dust accumulation, or structural damage. It can provide valuable
insights for maintenance and cleaning procedures to optimize solar energy generation. Moreover,
artificial intelligence can analyze historical performance data of solar panels and forecast their future
performance. Utilizing data, artificial neural networks (ANNSs) for machine learning, and long short-
term memory (LSTM) networks for deep learning, predictions can be made to estimate how solar
panels will perform under various conditions, such as changes in solar radiation or temperature.
These predictive capabilities contribute to enhancing the utilization of solar energy and improving
its overall efficiency [A. A. S. Altaiy, Improving Solar Energy System Performance Using Artificial
Intelligence (AI), 2024].

The landscape of solar energy forecasting has seen significant advancements due to the
integration of Machine Learning (ML) and Deep Learning (DL) models. Various studies have
contributed to this field, each offering unique insights and advancements. Elsaraiti et al. (2022)
employed LSTM networks and MLP architectures to accurately predict solar radiation, showcasing
the value of these models in improving solar energy predictions. Meanwhile, Vennila et al. (2022)
presented an ensemble approach integrating multiple ML models, proving more accurate and cost-
effective than individual models. Sudharshan et al. (2022) proposed hybrid and federated learning
models for precise estimations of solar radiation patterns, surpassing traditional models relying on
complex computations. Pombo et al. (2022) discussed challenges in obtaining consistent outcomes
from ML models in Renewable Energy Systems (RES), emphasizing the importance of leveraging
system features for prediction accuracy. Li et al. (2022) developed a hybrid DL model to improve the
accuracy of solar energy predictions, showing potential for increased precision. Gumar et al. (2022)
compared optimization algorithms for solar energy forecasts, with Particle Swarm Optimization
showing the highest accuracy. Alkhayat et al. (2022) developed the ENERGY model, outperforming
conventional statistical methods in accuracy for solar energy predictions. Zazoum et al. (2022)
compared algorithms for predicting solar output, with GPR outperforming SVM in accuracy.
Almaghrabi (2021) proposed a DL model, CLED, for forecasting solar power generation with
exceptional accuracy. Zhou et al. (2021) proposed a model using IoT sensors and DL models for
precise energy consumption prediction. Fara et al. (2021) evaluated ARIMA and ANN methods for
solar panel output prediction, highlighting their strengths and weaknesses. Konstantinou et al. (2021)
explored stacked LSTM models for predicting solar power generation, optimizing hyperparameters
for best performance. Alkhayat (2021) provided a comprehensive study on DL models and
techniques, evaluating their effectiveness and current research status. Shamshirband et al. (2019)
applied DL methods to enhance solar energy forecast accuracy, with RNN and LSTM models
performing well. Abdelhakim et al. (2016) discussed integrating EMS with forecasting techniques for
efficient clean energy generation. Alamin et al. (2020) created an ANN model for forecasting energy
output in HCPV systems, capturing CPV system performance accurately. Mellit et al. (2020)
examined Al methods for predicting solar power generation, emphasizing the need for quality
datasets and considering external factors. Zhang et al. (2018) proposed an ensemble method for solar
power prediction, outperforming other models. Overall, these studies highlight the rapid
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advancements in solar power forecasting methodologies, particularly leveraging ML and DL
techniques to provide accurate predictions and address existing shortcomings [55-73].

Photovoltaics also raise many questions and unknowns to scientists, researchers and engineers
around the globe. One challenge is the increase in surface temperature, especially in countries with
high solar radiation. Nabil and Mansour [22] studied the performance of polycrystalline silicon (PV)
photovoltaic modules using different cooling systems and compared the performance of PV modules
with and without cooling. For each degree of temperature increase, the maximum output power of
the PV modules tested decreases by up to 0.42%. The surface temperature of the solar panels increases
when they are exposed to direct sunlight, resulting in a significant decrease in the electrical output
power of the PV cells. The lifespan of PV modules can be extended by proper cooling, as it increases
the electrical output while slowing the rate of cell degradation [23]. Kumar [24] conducted
experiments to study how the surface temperature of a PV module can affect its electrical
characteristics. The researchers found that for a 5 W PV module, each 1°C increase in PV module
surface temperature resulted in a 0.4% decrease in open circuit voltage. Similarly, for every 1°C
increase in module surface temperature, there was a 0.6% and 0.32% decrease in maximum power,
respectively. In contrast, the short-circuit current increases at a rate of 0.09% per °C as the surface
temperature increases. Transparent acrylic sheets began to be mounted in silicon modules, which
reduced the temperature of the photovoltaic surface, thereby improving efficiency, increasing
electricity production and extending the life of the cells. They mounted 3 mm acrylic sheets parallel
to the photo-voltaic panel and 30 cm from the top, this reduced the surface temperature by 10%
compared to photovoltaics without acrylic. The largest percentage decrease in temperature, or 14.5%
on the surface of the modules, was achieved by mounting the acrylic sheet at 30° angle to the module
[25].

Cooling PV systems continues to be a challenge for researchers. Du et al [26] analyzed a cooling
system using the active cooling system pump. It works by taking heat away from the PV and
dissipating it using a convector or heat sink. Several researchers stressed that active cooling is more
efficient and suitable for high concentrations. The researchers, in an experiment conducted, reported
that the efficiency of solar cell with concentration is 4.7 to 5.2 times higher than a cell without
concentration. The results show that the temperature of the solar cell was lowered to below 60°C,
generating more electrical power. Mallick et al. performed some study using parabolic concentrators
to analyze heat transfer in photovoltaics [27]. The researchers found that the temperature of the
concentrator and PV cell increased with the intensity of incident solar energy. The cooling system
ensures that the cell operates at the optimal temperature. CPV cooling design typically has thermal
resistance factors with good cell temperature uniformity for maximum efficiency [28].

Other common problems with PV systems include hail, dust and surface operating
temperatures, which can degrade conversion system performance. Environmental elements that
affect PV module surface temperatures include wind speed, ambient temperature, relative humidity,
accumulated dust and solar radiation. Each 1°C increase in PV module surface temperature results
in a 0.5% decrease in efficiency [29].

Hoque et al. designed a PV panel cooling system using a rectangular hollow fin, a DC fan and a
water atomizer on one side. The results showed that the efficiency of the solar PV panel system was
increased from 17% without the cooling system to 22% with the cooling system. The temperature of
the solar panel during the test period was 24°C lower than its normal operating temperature [30].

Solar simulators provide predictable and repeatable solar radiation, and have become
indispensable tools for the efficient development of PV modules. For solar radiation prediction, many
predictive data mining methods are successfully used, where, artificial neural networks (ANN) can
be easily and widely used [31]. Many researchers have studied the implementation of ANN as a tool
for predicting the performance of PV and PV/T systems. These methods are classified as experimental
mathematical models, regression, network-based artificial intelligence, and finally statistical models
based on a time series of data [32,33]. In general, the other, simpler ML methods, for example decision
trees indeed have their advantage of requiring relatively little amount of data and in fact, they could
be applied instead of ANNs. However, a single regression or classification tree tends to be “unstable”,
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which means that its output can differ strongly even under the influence of slight changes in the
training data. At the same time ANNs are considered as more “flexible” algorithm with the
possibility of free defining their structure, dedicated for multitude of various tasks falling under
regression, classification or even data augmentation (e.g. GANSs).

Electricity serves as a cornerstone for global economic and technological advancement,
permeating various facets of daily life with indispensable utility. In response to the pressing
challenges of energy supply deficits and environmental degradation, the exploration of renewable
energy sources has gained momentum as a viable solution. This imperative stems from dwindling
conventional energy resources and escalating environmental concerns, compelling a paradigm shift
towards sustainable energy alternatives to meet burgeoning energy demands.

The specific work makes notable contributions to this discourse by conducting a comprehensive
analysis of the efficiency and feasibility of integrating renewable energy sources into existing energy
infrastructures, offering novel insights into the socio-economic implications and policy frameworks
necessary for fostering renewable energy adoption, and proposing innovative strategies for
optimizing renewable energy utilization to mitigate environmental impact while concurrently
supporting economic growth. Through these contributions, this work seeks to advance our
understanding and implementation of renewable energy solutions in addressing the global energy
challenge.

The paper has been organized as follows, section 2 presents a description of materials and
methods used for the study, where results are presented in section 3, section 4 presents the
discussion, whiles the conclusion is presented in section 5.

2. Materials and Methods

2.1. Testing methods for PV modules

The dynamic development of the photovoltaic industry after 2000 has necessitated the creation
of a set of standards and regulations, which will enable a consistent certification process for
photovoltaic modules. In EU countries, certification is carried out in accordance with the standards
of the International Electrotechnical Commission (IEC). IEC 61215 [34] establishes requirements for
construction qualification and type approval for photovoltaic modules for terrestrial applications
suitable for long-term operation under typical climatic conditions as defined in IEC 60721-2-1 [35].
The tests specified in the standard determine the performance of photovoltaic modules under the
test. The standard applies to all modules made of crystalline silicon, as well as to thin-film modules.
The test methodologies that were performed within the scope of this work, can be defined as the
following:

e MQT 04 - Measurement of temperature coefficients - The test consists of measuring the
temperature coefficients of current, voltage and peak power in accordance with PN-EN 60904-
10. The purpose of the test is to determine the temperature coefficients of PV modules at different
irradiances. When performing the test, a device for controlling the temperature of the module is
required [34].

e  MQT 06 - Performance under STC and NOCT conditions - The test consists of determining the
electrical performance of the module under standard test conditions. Measurement under STC
(Standard Test Conditions) is used to verify the information on the module's nameplate. The
solar source should be a natural solar source or a BBA-class solar simulator, or better [34].

2.2. Characteristics of the tested PV modules

The first module tested is the monocrystalline, double-sided module (Figure 1a), titled “Module
1”. The module's efficiency according to the manufacturer's materials is 20%, and the maximum
power is 365 Watts. The manufacturer provides 30-year warranty for the additional linear power
output, which should be about 85% after 30 years [36].
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Figure 1. (a) Monocrystalline, double-sided module, titled “Module 1”; (b) CIGS thin-film module,
titled “Module 2”; (c¢) Monocrystalline, single-sided module, titled “Module 3”.

The second module tested is the CIGS thin-film module (Figure 1b), titled “Module 2”. The
efficiency of the module is about 13%, and the maximum power the module can produce is 145 W.
The panel is double-glazed, which prevents micro-cracking and increases the module's durability.
The developer guarantees a minimum power rating of 80% after 25 years [37].

The third module is the monocrystalline single-side photovoltaic module (Figure 1c), titled
“Module 3”, with an efficiency of about 19.3%, and the power the module can produce is 315 watts.
The developer guarantees to keep the module's degradation constant for 25 years [38]. The Table 1
shows the characteristics of the tested modules.

Table 1. Characteristics of the tested photovoltaic modules.

PV modules tested
Parameter Module 1 Module 2 Module 3

Max Power Prmax [W] 365 145 315
Idle voltage Voo/V [V] 40.7 59.5 40.53
Module efficiency Eff [%] 20.0 13.3 19.3
Max power voltage Vimpp [V] 34.1 60.4 33.2

Max power current Tmpp [A] 10.7 2.4 9.5
Short-circuit current Tsc [A] 11.4 2.7 10.0
Open-circuit voltage Voc [V] 40.7 85.2 40.5

2.3. Experimental description and test methods

The research was conducted on a stationary steady-state solar simulator, Class AAA (Figure 2),
used to measure the performance of photovoltaic modules under controlled parameters. The device
accurately simulates solar radiation under specified test conditions to measure the maximum output
power of each tested photovoltaic module under standard test conditions. Each of the tests were done
5 times for every module and based on that we approximated results. All tested PV modules were
brand-new, which means never used before (Figure 3).

The measurement device includes a large-area stationary steady-state solar simulator and
photovoltaic module current-voltage analysis system as well as the calibrated accredited reference
coil. The reference coil was placed on tested module, and it was used to read the reference
measurements and compare them with those of the module under the test [39].
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Figure 2. Large-scale steady-state stationary solar simulator, class AAA.

Figure 3. View of photovoltaic modules during the test.

The MQT 06 and MQT 04 tests were carried out on a stationary large-scale steady state solar
simulator. Conducting the MQT 06 test, it involves measuring the electrical parameters of the module
under STC conditions. That means the solar irradiance of (1000+100) W/m2, and ambient temperature
of the cells during the test of (25+2)°C. The connected module placed on experimental set-up with a
reference coil is slid under the calibrated simulator lamps, then the measurement was started.

In the case of MQT 04, we made 10 measurements per every PV module, 5 measurements with
the result correction to 25°C, 5 measurements without such correction. Before each measurement, the
PV module temperature was measured before and after the test.

An important step in this paper was the construction of machine learning (ML) models to assess
and select the correlation of independent variables for numerical simulations based on experimental
results. The values of the correlation coefficient (R;;) range from —1 to +1. Positive magnitudes of
(R;j) coefficient indicate that an increase in the independent variable i leads to anincrease in j, while
negative values indicate an inverse relationship. In our ML model we used the Spearman's rho rank
correlation coefficient [40], which is dedicated to the analysis of processes that are nonlinear in nature.

Input layer Hidden layer Output layer
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Figure 4. Graphical representation of artificial neural network (ANN) used in this study: for every
data point, the input x includes I = 4 features (green), the hidden layer consists of /] = 4 neurons
(blue), and the output of the network is a vector with 2 values $; and J, (pink).

In our machine learning prediction model (MLP), the input signals (x;) arriving at the input layer
were multiplied by the values of the weights (w;;), according to the Figure 4. The resulting sums went
through the transformation using linear or nonlinear activation function f (exponential function,
hyperbolic tangent, sine, logistic function) and then were passed to the neurons (or neuron) of the
output layer. The estimation of the value weight (w;;) in ANN model was carried out at the learning
stage using appropriate numerical algorithms [41] to minimize the mean squared error (MSE):

N
1
MSE =2 G —ya)? M
n=1

where y, is the ground truth for the n-th training data point, 9, is the corresponding output from
the neural network, n =1,...,N, and N is the number of data points in the training set.
Each coordinate j of the output was calculated according to the following formula:

J I

where: I - the number of inputs to the model, ] - the number of neurons in the hidden layer, w;; -
the values of weights between the inputs and the neurons of the hidden layer, b; —neuron loads of
the hidden layer, w; - the values of weights between neurons of the hidden layer and neuron of the
output layer, f - the activation function. At the stage of creating the MLP model, it is crucial to
determine the number of neurons in the hidden layer. According to general recommendations, the
number of neurons (/) in the hidden layer should be no less than the number of explanatory variables
(j), but no more than 2j + 1 [42]. To avoid overfitting of the model, Rogers and Dowl [43] suggested
that the value of J should not be less than }+L1 (where T is the number of data observations in the

learning set). The number of neurons in the hidden layer can also be determined by trial and error
method minimizing the prediction error, but not allowing overlearning of the model (when with an
increase in J the prediction error increases, there is a decrease in the generalization ability of the
model). This paper adopts the 3-layer neural network model with inputs including current-voltage
characteristics of the PV module. For the input data, two outputs are defined, i.e. power-voltage
characteristics of PV module. To build the model, 3 sets of learning (70%), test (15%), validation (15%)
were adopted. At the same time, the global sensitivity analysis was performed to identify the
parameters that have the key impact on the power-voltage characteristics. For this purpose, the
sensitivity coefficients were determined as well.

The following measures were used to assess the correspondence between the ground truth y™
of any of the measurement coordinates for the m-th validation data point and the corresponding
predicted output ™ from the neural network:

a) Coefficient of determinacy (R?):

) 2
g2 = Zma 0™ = 3) &)
2%21(}’(7") -y)?

where 3= 1 Zl_, yom,
b) Mean absolute error (MAE):
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1 M
MAE = — - ym) _ 4, (m)]. 4)
M Z [ =yl
=1
¢) Root mean square error (RMSE):
1 M
RMSE = 7 Z (P — ym))2z, ©)
m=1

where y™ _ the ground truth for m-th validation data point based on the measurements; ™

results of N20O simulation by ML methods, m =1, ..., M and M is the number of data points in the
validation set. The following data was used to build the model based on variables U, eff and Voc/V
that predicted values of Tc and Tp. Figure 5 presents a flow chart diagram for the applied processes,
which is a summary of the research conducted.

MOQT 04 and MQT 06 tests of "Module 1",
"Module 2° and "Module 3" on a stationary stzady-
state solar simulator

Y
Selection of
independent variables,
basad on Spearman’s
rho rank correlation
coefficient

Y

3-layer artificial neural
network model

Output data  /

Y

Global sensitivity
analysis (G5A)

Figure 5. Flow chart diagram for the data used and processes applied

3. Results
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Five measurements were taken for each of the three modules, the values were averaged and
approximated, as it is shown in Table 2.

Table 2. Results of module parameters obtained during measurements.

Parameter Module 1 Module 2 Module 3
Prmax [W] 367.302 125.332 303.844
I [A] 11.454 2.692 9.818
Voc [V] 44,996 86.334 49.71
Tmpp [A] 10.654 2.166 9.192
Vimpp [V] 34.47 57.804 32.838
Filling Factor [-] 0.712 0.538 0.622

The maximum power point during the test under STC conditions for “Module 1” was the highest
during the 1st measurement (Figure 6). It reached 372 W, which is 102% of the manufacturer's stated
maximum power of 365 W. In only one case there was the maximum power during the test less than
the module manufacturer's declaration. The Filling Factor averaged value was around 0.7.

Electric current|
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Figure 6. Summary I-V characteristics of “Module 1”.

The maximum power point during the test for “Module 2” was the highest during the 1st
measurement (Figure 7). It was 127W, which is only 87% of the manufacturer's stated maximum
power of 145W. During the second measurement, the maximum power point was the lowest of all
five measurements, at 124W, 85% of the manufacturer's stated maximum power. The Filling Factor
averaged value was around 0.54, which is very low. Tested “Module 2” was the CIGS thin-film
module and its efficiency was significantly lower than the first-generation module tested.
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Figure 7. Summary I-V characteristics of “Module 2”.

The maximum power point during the last test for “Module 3” was the highest during the 1st
measurement (Figure 8). It was about 309 W, which is 98% of the manufacturer's stated maximum
power of 315 W. In no case the maximum power exceeded the maximum power listed on the module
manufacturer's declaration. The Filling Factor averaged value was around 0.62. Table 3 shows the
difference in current versus voltage with the approximation.
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Figure 8. Summary I-V characteristics of “Module 3”.

Table 3. Dependence of current and power values with averages for tested PV modules.

Measurement 5V 15V 25V 35V 40V
“Module 1”
Power
Measurement 1 [W] 57.8901 171.1275 275.1322 365.42124 161.8382

Measurement 2 [W] 57.6934 170.9794 274.2930 362.1189 169.96
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Measurement 3 [W] 57.3698 169.8569 280.7647 361.1334 168.7743
Measurement 4 [W] 57.5227 169.8666 281.0866 359.4855 161.9976
Measurement 5 [W] 57.3990 169.6859 274.4320 354.4239 165.2108
Average [W] 57.57503 170.3033 277.1417 360.5166 165.5562
Current
Measurement 1 [A] 11.5763 11.409 11.0057 10.452 4.0459
Measurement 2 [A] 11.5389 11.399 10.9726 10.3584 4.249
Measurement 3 [A] 11.4748 11.325 11.2311 10.3311 4.2193
Measurement 4 [A] 11.507 11.3253 11.2439 10.2844 4.0499
Measurement 5 [A] 11.4799 11.3129 10.978 10.1403 4.1303
Average [A] 11.5154 11.3543 11.0863 10.3132 4.1389
“Module 2”
Power
Measurement 1 [W] 13.4401 65.8343 113.0481 119.1181 17.9283
Measurement 2 [W] 13.3214 65.1509 111.2806 114.9977 11.3292
Measurement 3 [W] 13.4363 65.8609 112.2522 116.6261 10.9828
Measurement 4 [W] 13.3855 65.2238 111.2941 115.5224 13.8337
Measurement 5 [W] 13.4530 65.9243 112.1763 115.5607 11.9393
Average [W] 13.4073 65.5988 112.0102 116.3650 13.2026
Current
Measurement 1 [A] 2.6882 2.6334 2.5122 1.8326 0.2241
Measurement 2 [A] 2.6644 2.606 2.4729 1.7692 0.1416
Measurement 3 [A] 2.6873 2.6344 2.4945 1.7942 0.1373
Measurement 4 [A] 2.677 2.609 2.4732 1.777 0.1729
Measurement 5 [A] 2.6906 2.637 2.4928 1.7778 0.1492
Average [A] 2.6815 2.624 2.4891 1.7902 0.165
“Module 3”
Power
Measurement 1 [W] 49.4636 146.4109 243.2909 296.5507 107.8788
Measurement 2 [W] 49.5614 146.6602 243.8605 286.7913 89.9354
Measurement 3 [W] 49.5627 146.8454 243.7230 288.4221 102.8483
Measurement 4 [W] 49.4132 146.5157 242.7928 281.0666 84.2467
Measurement 5 [W] 49.2112 146.1223 242.8360 283.3992 92.6678
Average [W] 49.4424 146.5109 243.3006 287.2460 95.5154
Current
Measurement 1 [A] 9.8910 9.7619 9.7318 8.4882 2.6970
Measurement 2 [A] 9.9170 9.7782 9.7545 8.2108 2.2484
Measurement 3 [A] 9.9121 9.7907 9.7494 8.2570 2.5712
Measurement 4 [A] 9.8839 9.7686 9.7121 8.0493 2.1062
Measurement 5 [A] 9.8459 9.7419 9.7138 8.1150 2.3167
Average [A] 9.8900 9.7683 9.7323 8.2241 2.3879

Table 4. Correlation coefficients of tested PV modules.

U Tc Tp Pmax Voc/V eff Vmpp Impp Isc

0.33 0.33 0.33 0.33 0.33
0.33 0.33

Tc
Tp
Pmax
Voc/V
eff
Vmpp
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Impp
Isc

Table 4 shows the correlation coefficients for each parameters of every tested PV module. Our
calculations showed that the best predictive abilities were characterized by the MLP model (4:4:2) for
the activation function in the hidden layer of hyperbolic tangent and linear output. The values of
fitting measures between simulation results and measurements are given in Table 5. The model

achieved the worst classification quality on the validation set for the variable Tp. The variable Tc was
predicted by the MLP with smaller error on each of the three sets. The error was very small, as the
MAE did not exceed 0.75 on each of the datasets.

Table 5. Fitting measures between simulation results and measurements on dependent variables.

Set Tp Tc
R? MAE RMSE R? MAE RMSE
Training 0.94 24.68 36.06 0.97 0.53 1.17
Test 0.98 13.87 14.87 1.00 0.23 0.32
Validation 0.87 39.62 46.31 0.98 0.75 0.93

4. Discussion

Comparing the approximations of the three modules, one can see the significant differences
between them. The approximation of “Module 2” has a significantly higher na-voltage to lower
current range compared to the approximations of “Module 2” and “Module 3”. This may be due to
the chemical composition of the second module structure. The module is a CIGS thin-film, made from
a combination of copper, indium, gallium and selenium. “Module 1” and “Module 3” are
monocrystalline modules. Their approximations are not significantly different from each other, the
voltage ranges of the modules are almost identical, the most distinctive are the cell power range and
the maximum power point.

Moreover, the results of the global sensitivity analysis (GSA) for the model showed that eff (22.9)
and Vo/V (14.19) have the largest effect on the power-voltage relationship, and U (7.29) has the
smallest effect. Figures 9, 10 and 11 show the comparison of calculated power-voltage curves for
Modules 1, 2 and 3. Clouds of points calculated with MLP arrange themselves into similar curves to
those that were measured, however, the worst shape of the three modules’ curves has the one
obtained in “Module 2”. Coefficient R? values show a very good performance of applied neural
network.
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Figure 9. Comparison of calculated with MLP model and experimentally tested (Measurement)
characteristics of the Power [W] and the Voltage [V] for “Module 1” data.
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Figure 10. Comparison of calculated with MLP model and experimentally tested (Measurement)
characteristics of the Power [W] and the Voltage [V] for “Module 2” data.
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Figure 11. Comparison of calculated with MLP model and experimentally tested (Measurement)
characteristics of the Power [W] and the Voltage [V] for “Module 3" data.

Testing of photovoltaic modules is important not only for manufacturers of photo-voltaic
modules, but also for investors and system users. All photovoltaic modules should pass series of tests
and examinations verifying the electrical and thermal characteristics of the module before being
certified and released to the global market. To study the I-V characteristics of PV modules, they are
subjected to appropriate durability and efficiency tests under real outdoor conditions with exposure
to ambient conditions and under laboratory conditions. The standardization of testing methodologies
for photovoltaic modules come-up from different manufacturers, is intended to standardize the
products by carrying out the recommendations contained in the standards. The performance of
photovoltaic cells depends on many factors, such as solar irradiance, module operating temperature,
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installation location, weather conditions and module shading. This causes some important
differences in the performance of the modules, and differentiates them from the parameters stated in
the certifications of manufacturers of photovoltaic products. Using certified products, however,
guarantees that the parameters of the modules are consistent with the manufacturer's declarations in
the module data sheet or on its nameplate. Thus, the original comparative analysis of different PV
modules, in terms of their I-V characteristics and other parameters, as shown in this paper, is crucial
for the assessment of efficiency of devices powered by renewable energy.

Various types of neural networks have been used in the past for applications related to
environmental engineering. In works [44,45] neural network were applied for evaluation of soil
pollution and potatoes quality changes during storage, whereas in papers [46,47] authors analyzed
wastewater quality and identified activated sludge bulking. Artificial neural networks were also
utilized in applications related to PV modules. In the paper [48], a neural network with two hidden
layers (10:7:5:3) was used to predict the power output of PV modules based on 2 years of historical
data. The neural network model was compared with a symbolic regression model and hybrid model,
in which both methods mentioned above were used. The neural network performed worse than the
hybrid model, but it achieved a coefficient of determination of 0.99. Whereas in [49] a Radial Basis
Function (RBF) network was also applied for prediction of power output. Authors trained 3 different
neural network models for sunny, cloudy and rainy weather. Best results were obtained for sunny
weather, where the correlation coefficient amounted between 96% and 99%, in contrast the coefficient
for rainy weather was only between 49% and 81%. In the article [50] authors used a 3:11:17:24 MLP
network to predict solar irradiance in the city of Trieste, Italy. This factor is particularly important for
planning power dispatching for Grid Connected Photovoltaic Plants. The correlation coefficient
between data calculated by the model and measured on sunny days was 98-99%, while it was 94-96%
on cloudy days. On the other hand, the coefficient of determination, for the data resulting from the
model was 0.9. In work [51] Recurrent Back Propagation Network (RBPN) was also applied for solar
irradiance prediction. In this paper the RMSE was equal to 3.6511 on the training and 3.8298 on the
test set. Improving this result was achieved by using wavelet analysis on the results of the neural
network. In paper [52] researchers showed a method of generating hourly irradiation data by using
MLP models. In [53] authors used Multilayered Feedforward Neural Network for forecasting hourly
total radiation valued and compared it to the results obtained by applying autoregressive model. The
neural network approach was found to predict data more accurately than the AR model. In paper
[54] authors compared results of several types of neural networks for prediction of mean hourly solar
radiation. The best predictions were obtained by Levenberg Marquardt multivariate feed-forward
neural network, where the RMSE amounted 27.58. Work [55] presents hybrid approach to artificial
neural networks for forecasting global solar radiation. Authors applied MLP-MTM model, which is
multilayer perceptron with Markov transition matrices. The maximum RMSE resulting from this
model was 8%. As it can be concluded, most of the previous works regarding the use of neural
networks in analyzing PV systems has been focused on prediction or forecasting various parameters.
In comparison, this work showed that the application of a very simple 3-layer ANN (4:4:2) can also
provide reliable information about the differences in various PV panels’ performance. The usefulness
of machine learning algorithms in the comparative analysis of PV modules has been proved.
Moreover, the global sensitivity analysis (GSA) for the performed model showed that the parameters:
eff (22.9) and Voc/V (14.19) have the largest effect on the power-voltage relationship, while U (7.29)
has the smallest effect.

One should bear in mind that the research presented in this work has also its limitations. The
possibility of free defining the structure of ANNSs can, in some cases, be an obstacle, rather than a
benefit. Seeking of the optimal networks architecture is often achieved through trial & error method.
It is possible to apply some other ML algorithms (e.g. tree-based models, support vector machine)
and compare their results. It also could be a good future direction for this study.
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5. Conclusions

Tests carried out on a large-scale stationary solar simulator showed differences between the
photovoltaic module, including declared manufacturer's values and the values obtained during
measurements. In case of “Module 17, the differences between the measurements were negligible,
and often the module's maximum power point during the measurement came out higher than that
specified by the manufacturer. However, the results developed when testing on “Module 2” and
“Module 3” showed power drops. The measured power for “Module 3” ranged from 95-98% of the
manufacturer's stated power, which is not a significant result, but for “Module 2” these differences
were greater, the measured power for “Module 2” was 85-87% of the module manufacturer's declared
power. The manufacturer of “Module 2” in the data sheet noted the possibility of a disparity between
the electrical parameters stated in the module's technical materials and those measured in use by
10%, while the differences for this module were much more than the 10% assumed by the
manufacturer. The reported power drops may have been caused by the storage of the modules or
their infrequent operation due to their use for research purposes. The modules were brand-new
before the tests, which means never used in any circumstances.
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